Abstract: Disassembly is a necessary link in reverse supply chain and plays a significant role in green manufacturing and sustainable development. However, the mixed-model disassembly of multiple types of retired mechanical products is hard to be implemented by random influence factors such as service time of retired products, degree of wear and tear, proficiency level of workers and structural differences between products in the actual production process. Therefore, this paper presented a balancing method of mixed-model disassembly line in a random working environment. The random influence of structure similarity of multiple products on the disassembly line balance was considered and the workstation number, load balancing index, prior disassembly of high demand parts and cost minimization of invalid operations were taken as targets for the balancing model establishment of the mixed-model disassembly line. An improved algorithm, adaptive simulated annealing genetic algorithm (ASAGA), was adopted to solve the balancing model and the local and global optimization ability were enhanced obviously. Finally, we took the mixed-model disassembly of multi-engine products as an example and verified the practicability and effectiveness of the proposed model and algorithm through comparison with genetic algorithm (GA) and simulated annealing algorithm (SA).
Introduction
With the rapid development of economy and science technology, the upgrading speed of mechanical and electronic products is accelerated, which brings about increasingly severe resource and environmental problems, making the product remanufacturing and its sustainable development pay more and more attention [1] [2] [3] . Remanufacturing of waste products not only enables recycling and reuse of resources, but also reduces environmental pollution, which is an important part of green manufacturing [4, 5] .
Disassembly is the primary step in the remanufacturing of retired products, and the components in the decommissioned products are dismantled through systematic techniques and methods [6] . It plays an indispensable role in green manufacturing that parts with high value and high demand are processed and put back into the market [7] . In order to solve the disassembly problem of decommissioned products, an optional disassembly method was designed by combining ant colony algorithm with constraint graph, which greatly reduced the energy consumption of disassembly [8] . The beam search algorithm is used to efficiently and reasonably distribute the tasks that need to be disassembled into the workstation, which not only improves the disassembly efficiency, but also ensures that the removal line is in normal operation and the minimum number of disassembly stations are opened [9] . There are various decommissioned products and different internal structures in the disassembly operation. The new disassembly operation mode based on sequence-dependent can not only eliminate the hindering of disassembly operation caused by the complex internal space of the decommissioned products, but also make the disassembly operation closer to the actual situation [10] .
In view of the disassembly of large quantities of products, the traditional disassembly line or disassembly sequence planning method has been unable to adapt to the current situation, which has attracted the attention of many scholars. Since the station load of disassembly line is not balanced and the high-demand parts are not timely processing, the poor economic benefits of enterprises and low disassembly efficiency appears and the concept of disassembly line balancing problem (DLBP) is proposed [11] . When solving the disassembly line balance problem by the exhaustive method, the difficulty of solving DLBP would increase geometrically due to the size of retired products and it is difficult to find the optimal solution within a limited time, which is an NP (Non-deterministic Polynomial) problem [12] . Different scholars respectively adopted the ant colony algorithm [13] , immune algorithm [14] , variable neighborhood search algorithm [15] , tabu algorithm [16] , simulated annealing algorithm [17] and other heuristic algorithms to solve NP problems, part of which have been improved to enhance the solving ability. For instance, adding the neighborhood mutation operator into the basic particle swarm optimization algorithm makes up the deficiency of particle swarm optimization in solving discrete problems, which not only strengthens the optimization ability of the algorithm, but also improves the efficiency and accuracy of the solution [18] . The quality of the initial population directly affects whether the algorithm can quickly and effectively find the global optimal solution. Randomness and heuristic are combined in the initial population generation stage, and the variable neighborhood descent (VND) strategy is added to expand the search space in the phase of employing bees to find food for improving the algorithm's optimization ability [19] . The heuristic algorithm often presents a slow or even stagnant search when solving large-scale tasks. A hybrid genetic algorithm is proposed to compulsorily search every feasible scheme in the initial feasible solution space and prioritize the targets to improve the solving speed of the algorithm [20] .
Additionally, dynamic scheduling of disassembly line enables disassembly process to reduce the energy consumption and improve the efficiency [21] . From the perspective of customer demand, the optimization of assembly-disassembly system can cut down the potential risk of disrupting operation [22] . As far as we know, different proficiency of dismantling workers will affect the operation of the entire disassembly line, and the importance of robot disassembly production line is obvious. The advantages of it are the improvement of disassembly efficiency, and the reduction of labor intensity and negative impact of human factors on the disassembly line [23] . However, fixed disassembly operation time and the complexity and time uncertainty of single product disassembly are the main research directions at present, which cannot fully adapt to the actual situation [24, 25] . In actual disassembly operation, there are many kinds of decommissioned mechanical products, and the service time, wear degree, skilled level of workers and structural differences between products and other factors will affect the operation efficiency. Disassembly of multiple products in the same disassembly line is an inevitable development trend, which can not only avoid switching between products, save time and cost, but also improve the operating efficiency. Therefore, we proposed a balancing method of mixed-model disassembly line in random working environment by considering the above influence factors, not only established the balancing model of mixed-model disassembly line, but also adopted a novel adaptive simulated annealing genetic algorithm (ASAGA) to enhance the model solving ability. Finally, a mixed-model disassembly of multi-engine products was taken as a case for the validation of model and ASAGA.
Random Analysis of Disassembly Operation

Notations
Parameters Description
The sum of the K-station disassembly time C t Disassembly operation beat of the disassembly line
Disassembly operation time obeys normal distribution; µ mn The average value of the disassembly operation time of the n-th disassembly task of the m-th product; δ 2 mn The variance of the disassembly operation time of the n-th disassembly task of the m-th product t mn
Disassembly operation time of the n-th disassembly task of the m-th product V k
Task set for the k-th workstation P m Proportion of the m-th product in the smallest proportional unit C mn Disassembly work cost per unit time α
Disassembly efficiency pop_size Population size P cr Cross probability; maxP cr : Maximum allow crossover probability; minP cr : Minimum allowed crossover probability P mu Mutation probability; maxP mu : Maximum allowed mutation probability; minP mu : Minimum allowed mutation probability G Current number of iterations generation_size Maximum number of iterations of the algorithm T 0
The initial temperature T Current actual annealing temperature λ Cooling coefficient l Current iterations, the maximum number of iterations should not exceed generation_size T end Termination temperature η Weight coefficient
Decision variables
R ij
The i-th disassembly task takes precedence over the j-th disassembly task, R ij = 1 Otherwise R i j = 0
L kmn
The n-th disassembly task of the m-th product is assigned to the k-th disassembly workstation, L kmn = 1 Otherwise L kmn = 0 q mn Indicating that the market has demand for the n-th component of the m-th product, q mn = 1 Otherwise q mn = 0
Multi-Product Structure Difference Analysis
The mixed-model disassembly line can disassemble multiple products or different types of the same product simultaneously. The disassembly priority relationship of decommissioned products and the structural differences between different products need to be considered. Every product has characteristics and attributes, and there are more or less physical, chemical and geometrical similarity between the parts of products. Therefore, the structural similarity coefficient γ was introduced to measure the structural similarity of different products on the disassembly line balance of mixed-model.
Assuming that the existing set of decommissioned products E = {E 1 , E 2 , E 3 , . . . , E M }, the structural similarity judgment is first made before the mixed flow disassembly of the decommissioned products.
Structural similarity coefficient formula:
. . , E y )] count , the number of parts with similar structure in the products participating in the mixed-model; [∪(E x , . . . , E y )] count , the total number of components in a mixed-model product. If γ E = 0, the products in the mixed-model are those with completely different structures. If γ E = 1, the products in mixed-model are those with completely similar structure.
Taking two decommissioned products A and B as examples, the component set of product A is H A = {H A1 , H A2 , H A3 , . . . , H An }, and the component set of product B is H B = {H B1 , H B2 , H B3 , . . . , H Bn }. In the case of considering the priority disassembly sequence of products, the mixed-model integration of A and B is carried out to obtain the set H c = (H A ∩ H B ) of components with similar structure, and the components with similar structure are numbered by the same number. Structural similarity coefficient of products A and B: When changing the product type or the proportion of similar parts between products, the similarity coefficient of the product will change accordingly, which will affect the working efficiency of the disassembly line and cause random disturbance to the actual operation time. Therefore, it is necessary to make a prejudgment during the disassembly of mixed-model. The mixed-model can be carried out on the same production line only when 0.7 ≤ γ E ≤ 1.
Random Processing Method
The random mixed-model disassembly operation time is an approximate normal distribution, t ∼ N µ, σ 2 [26] . The values of µ and σ determine the maximum disassembly operation time of the disassembly line, and thereby determine the disassembly operation beat of the disassembly operation line. As shown in Figure 1 , the actual operation time of two stations can be considered as a normal distribution (
). When changing the product type or the proportion of similar parts between products, the similarity coefficient of the product will change accordingly, which will affect the working efficiency of the disassembly line and cause random disturbance to the actual operation time. Therefore, it is necessary to make a prejudgment during the disassembly of mixed-model. The mixed-model can be carried out on the same production line only when 0.7 ≤ ≤ 1.
The random mixed-model disassembly operation time is an approximate normal distribution, ~( , 2 ) [26] . The values of and determine the maximum disassembly operation time of the disassembly line, and thereby determine the disassembly operation beat of the disassembly operation line. As shown in Figure 1 , the actual operation time of two stations can be considered as a normal distribution ( 1~ ( 1 , 1 2 ), 2~( 2 , 2 2 )). As shown in Figure 1 , the probability of the sum of disassembly operation time at station 1 greater than station 2 is , that is, the probability of the sum of disassembly operation time at station 1 setting as the disassembly operation beat of the entire production line. The size of can be determined by the area of the shadow: = ( 1 > 2 ) = 1 − ( 1 < 2 ). In order to determine the disassembly operation beat between more stations, comparing all stations in pairs is adopted, and the maximum beat is reserved to participate in the next round until the disassembly beat is determined.
In the case of mixed-model disassembly, it is assumed that the disassembly operation time of the n-th disassembly task of the m-th product obeys a normal distribution with a mean of and a variance of As shown in Figure 1 , the probability of the sum of disassembly operation time at station 1 greater than station 2 is β, that is, the probability of the sum of disassembly operation time at station 1 setting as the disassembly operation beat of the entire production line. The size of β can be determined by the area of the shadow:
. In order to determine the disassembly operation beat between more stations, comparing all stations in pairs is adopted, and the maximum beat is reserved to participate in the next round until the disassembly beat is determined.
In the case of mixed-model disassembly, it is assumed that the disassembly operation time t mn of the n-th disassembly task of the m-th product obeys a normal distribution with a mean of µ mn and a variance of δ 2 mn (m = 1, 2, 3, . . . , M; n = 1, 2, 3, . . . , N). The sum of the time of disassembly of the k-th workstation T k should be less than or equal to the disassembly operation beat C t (i.e. T k ≤C t ) [26] : 
The disassembly complexity of mixed-model disassembly line is directly affected by the degree of difference between products. Considering the various disturbance factors in the actual operation, the disassembly efficiency α is introduced to deal with the randomness, so as to obtain the disassembly beat of the disassembly line [26] . Set Z =
, Z ∼ N(0, 1) and specify α ≤ P{T k ≤ C t }, then:
Suppose the distribution function of the standard normal distribution is ϕ, then:
Detachable beats can be obtained as follow:
Balancing Model of Mixed-Model Disassembly Line in Random Working Environment
Mathematical Description
The disassembly line should not only consider the overall load balance of the disassembly production line, but also consider the differences in product structure, the constraint relationship between disassembly tasks, disassembly operation beat, disassembly cost and priority to disassemble the parts with high demand and high residual value.
Suppose there are a total of M types of decommissioned products in large quantities, and the product structure is similar. Set the number of workstations in disassembly line of mixed-model as K, and each time work with the minimum proportion unit (the proportion of product quantity divided by the maximum common divisor). Each unit has a total of N different tasks, and the part number on the disassembly line n m corresponds to the disassembly task in the set H. The disassembly task set is H = {H 1 , H 2 , H 3 , . . . , H n }, and the tasks in the H are all divided into K workstations, that is,
where the task subset in the k-th disassembly station is V k , and each task must be assigned to the workstation; the matrix R = R ij N·N represents the priority constraint relationship of the disassembly task. If the i-th disassembly task H i takes precedence over the j-th disassembly task H j , then R ij = 1, otherwise R ij = 0; companies engaged in dismantling services often sort the disassembly of parts of decommissioned products according to the demand for parts and components in the market, and preferentially dismantle parts with high market demand and high residual value, and q mn indicates whether there is market demand for the n-th part of the m-th product. In the company's disassembly work, it is necessary to consider the market demand, but also to reduce the cost of invalid disassembly operations. C mn -cost of disassembly operation per unit time.
Modeling Assumption
To keep the model from getting too complicated, we made the following assumptions: (1) In the mixed-model disassembly, the disassembly object takes products with similar structure and without modification. (2) The sum of the time required for the disassembly work of each station cannot be greater than the disassembly line beat.
(3) Taking the classic linear disassembly production line as the research object, they are placed at a certain proportion and the smallest proportion unit is selected for research when multiple products are disassembled.
(4) All parts of the decommissioned products are completely disassembled, and similar disassembly tasks are assigned to the same workstation for disassembly, and each disassembly task does not interfere with each other.
(5) The task unit in the disassembly task set is inseparable, and one disassembly task can only correspond to one disassembly workstation.
(6) The constraint relationship between the various parts of the decommissioned product only has priority constraints, and the disassembly operation is performed in order of priority.
Model Development
The balance optimization problem of the disassembly operation line was considered from the following aspects:
(1) Minimum disassembly work stations. The number of disassembly line-opening workstations determines the cost of disassembly operation. Generally, the smaller the number of disassembly workstations, the lower the operating cost, while meeting the disassembly conditions. Therefore, it is required to minimize the number of disassembly work stations. The objective function is as follows:
(2) Load balancing index. It is necessary to ensure the load balancing of the disassembly line, as well as to improve the working efficiency as much as possible and reduce the idle rate of the workstation on the disassembly line. The objective function is as follows:
By combining Equations (2) and (7), the objective function can be transformed into:
(3) Priority to remove high-demand parts. When other conditions are the same, in order to ensure the efficiency of the enterprise, the parts with high market demand and high residual value should be disassembled as soon as possible. The objective function is as follows:
(4) Cost minimization of invalid operations. Disassembly enterprises should take into account the interests of enterprises on the basis of meeting market demands. Therefore, the cost of invalid disassembly should be minimized when establishing the disassembly line, and the idle time of each station should be minimized on the basis of load balancing. Then, the operating cost of the disassembly line can be determined based on the actual working time. The objective function is as follows: When considering the line load balancing, it is possible to find the number of disassembly stations that meet the minimum load balance index [15] . Therefore, the objective function F 2, F 3, F 4 is mainly considered when establishing the integrated model. Therefore, the multi-objective function of the mixed-model dismantling line is:
Constraints:
Equation (12) indicates that any one of the disassembly tasks n must be assigned to a disassembly workstation k, and cannot be subdivided; Equation (13) represents that the disassembly time of any one disassembly station cannot exceed the production tact of the disassembly line; Equation (14) shows that there is a sequence between the disassembly tasks, and the priority constraints cannot be violated; Equation (15) indicates the value interval of the disassembly workstation; Equation (16) means that all disassembly tasks must be assigned to the disassembly workstation and cannot be omitted; Equation (17) represents the number of disassembly tasks contained in any one of the workstations k.
Solution Algorithm
Simulated annealing algorithm (SA) and genetic algorithm (GA) have been widely used in combination optimization and have achieved good results [27] . In this paper, the characteristics of the balance problem of the mixed-model disassembly line, combined with the advantages of SA and GA, are solved by the adaptive simulated annealing genetic algorithm (ASAGA).
The Construction of Feasible Solutions
Disassembly tasks are randomly selected to ensure the diversity of the initial feasible solutions. In order to briefly explain the construction process of the feasible solutions, two types of decommissioned products A and B, are taken as examples to illustration. As shown in Figure 2 (a),(b), disassembly tasks are only successively related without considering other constraints [28] . After the mixed-model integration, a new disassembly task sequence is obtained, as shown in Figure 2 (c).
After the mixed-model integration, a new disassembly task sequence is obtained, as shown in Figure 2 (c). , indicating that task 1 takes precedence over task 2. If the disassembly task 1 takes precedence over the disassembly task 2 , then ( 1 , 2 ) = 1, otherwise, ( 2 , 1 ) = 0. The structural similarity coefficient of the two products A and B is = Step 1: The task that has not been assigned in R was randomly selected and there is no task allocated before the task or (that is, the elements of each column in the matrix R are all 0), and is taken as the disassembly task of current workstation K.
Step 2: Delete the task with the priority constraint relationship with the task , that is, remove the task before and after the task .
Step 3: Before all tasks are allocated, repeat the first two steps until all tasks are allocated, and the initial feasible solution can be obtained.
Adaptive Simulated Annealing Genetic Algorithm
SA can rapidly converge when solving the NP problem, but it is easy to fall into local optimization. Although GA has strong global optimization ability, it has insufficient local optimization ability when solving the NP problem. Therefore, in the basic genetic algorithm, the mutation operator and crossover operator are changed from the original fixed value to evolve with the change of algebra, which enables the algorithm to expand the search scope and enhance the global search ability in the early stage of optimization, and avoid the destruction of the optimal sequence and miss the optimal solution due to the high crossover and mutation probability in the later stage of the algorithm [29] . Moreover, the results obtained by GA are substituted into SA as the initial solution of SA, making full use of the advantages of GS and SA to make ASAGA have both the ability of rapid convergence, global search and getting rid of local optimal, so as to enhance the solving performance of the algorithm. is taken as the disassem Step 2: Delete the task wit the task before and after the ta
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Feasible solution generation steps: Step 1: The task H i that has not been assigned in R was randomly selected and there is no task allocated before the task H i or H i (that is, the elements of each column in the matrix R are all 0), and H i is taken as the disassembly task of current workstation K.
Step 2: Delete the task with the priority constraint relationship with the task H i , that is, remove the task before and after the task H i .
Adaptive Simulated Annealing Genetic Algorithm
SA can rapidly converge when solving the NP problem, but it is easy to fall into local optimization. Although GA has strong global optimization ability, it has insufficient local optimization ability when solving the NP problem. Therefore, in the basic genetic algorithm, the mutation operator and crossover operator are changed from the original fixed value to evolve with the change of algebra, which enables the algorithm to expand the search scope and enhance the global search ability in the early stage of optimization, and avoid the destruction of the optimal sequence and miss the optimal solution due to the high crossover and mutation probability in the later stage of the algorithm [29] . Moreover, the results obtained by GA are substituted into SA as the initial solution of SA, making full use of the advantages of GS and SA to make ASAGA have both the ability of rapid convergence, global search and getting rid of local optimal, so as to enhance the solving performance of the algorithm. (1) Selection of encoding mode. In genetic algorithm, binary coding is mostly adopted. Considering that the multi-product and multi-task correspond to the workstation and there is priority relationship between the task and target, real coding is adopted to make the corresponding relationship between the task and workstation clearer.
(2) Select operation. Take the target function f i as the fitness function and select the probability
. The greater the probability is, the easier the individual will be retained.
(3) Cross operation. The chromosomes in the parent generation are paired with each other, and two points in the sequence 1 and 2 are randomly selected for crossover. The sequence before the crossover point 1 remains unchanged, and the crossover point 2 is the same. The specific crossover operation is shown in Figure 3(a) . (1) Selection of encoding mode. In genetic algorithm, binary coding is mostly adopted. Considering that the multi-product and multi-task correspond to the workstation and there is priority relationship between the task and target, real coding is adopted to make the corresponding relationship between the task and workstation clearer.
(2) Select operation. Take the target function as the fitness function and select the probability = ∑ =1 . The greater the probability is, the easier the individual will be retained.
(3) Cross operation. The chromosomes in the parent generation are paired with each other, and two points in the sequence 1 and 2 are randomly selected for crossover. The sequence before the crossover point 1 remains unchanged, and the crossover point 2 is the same. The specific crossover operation is shown in Figure 3(a) . The intersection of parent 1 and 2 will form new individuals ℎ 1 and ℎ 2 . Considering that the algorithm should try to search in a wide range in the early stage and select a small crossover probability to avoid destroying the sequence of the optimal solution when it is close to the optimal value in the later stage, the traditional genetic crossover operator is improved into an adaptive crossover operator that evolves with the change of population algebra.
(4) Mutation operation. After the completion of (3), ℎ 1 was used as the parent for single-point insertion mutation. The mutation point is randomly selected in the parent sequence, and the location where the mutation can be carried out should be in the middle of the adjacent tight before and after tasks. The specific mutation operation is shown in Figure 3(b) . Ch-1 is obtained when keeping the priority relationship of tight before and after tasks unchanged, and randomly selecting a point in the mutational position to carry out the mutation. If the mutation operation cannot be completed due to the priority constraint relationship between tasks, then randomly finding a new insertion point to carry out the mutation operation. The selection method of mutation operator is similar to that of crossover operator. Adaptive mutation operator is adopted:
(5) Simulated annealing operation. The new population generated by GA is used as the input population of SA for annealing operation. The fitness value of the new population was calculated and compared with that of the parent population. According to the Metropolis criterion, if > , it accepts the current individual and replaces the original old individual with that individual. Otherwise, it accepts the new individual instead of the old one with probability ( − ). In simulated annealing, the algorithm completes an optimization process for each cooling down, and the cooling times are the number of iterations. The cooling formula is as follows: The intersection of parent P 1 and P 2 will form new individuals ch 1 and ch 2 . Considering that the algorithm should try to search in a wide range in the early stage and select a small crossover probability to avoid destroying the sequence of the optimal solution when it is close to the optimal value in the later stage, the traditional genetic crossover operator is improved into an adaptive crossover operator that evolves with the change of population algebra.
(4) Mutation operation. After the completion of (3), ch 1 was used as the parent for single-point insertion mutation. The mutation point is randomly selected in the parent sequence, and the location where the mutation can be carried out should be in the middle of the adjacent tight before and after tasks. The specific mutation operation is shown in Figure 3(b) . Ch-1 is obtained when keeping the priority relationship of tight before and after tasks unchanged, and randomly selecting a point in the mutational position to carry out the mutation. If the mutation operation cannot be completed due to the priority constraint relationship between tasks, then randomly finding a new insertion point to carry out the mutation operation. The selection method of mutation operator is similar to that of crossover operator. Adaptive mutation operator is adopted: annealing, the algorithm completes an optimization process for each cooling down, and the cooling times are the number of iterations. The cooling formula is as follows:
Algorithm Steps
Step 1: Initialize the population and parameters, set the population size pop_size = 100; Number of iterations generation_size = 100; maxP cr = 0.8, minP cr = 0.2; maxP mu = 0.08, minP mu = 0.02; Initial temperature T 0 = 100; temperature drop coefficient λ = 0.95, T end = 1, etc.
Step 2: Generate the initial population according to the priority matrix R.
Step 3: Encode and decode the initial population, take the target function f i as the fitness function, and record the fitness value f i of all individuals in the current population.
Step 4: After adaptive crossover and mutation, select elite individuals from all individuals.
Step 5: Perform simulated annealing, calculate and update the fitness value f i , and judge whether to receive the new solution according to the Metropolis criterion.
Step 6: If T > T end , execute cooling operation as T = λ l T 0 , turn to step 4. Otherwise, find the optimal solution in the new population.
The whole flowchart of the ASAGA algorithm is shown in Figure 4 . 
Step 1: Initialize the population and parameters, set the population size _ = 100; Number of iterations _ = 100; = 0.8 , = 0.2 ; maxP mu = 0.08 , = 0.02; Initial temperature 0 = 100; temperature drop coefficient λ = 0.95, = 1, etc.
Step 3: Encode and decode the initial population, take the target function as the fitness function, and record the fitness value of all individuals in the current population.
Step 5: Perform simulated annealing, calculate and update the fitness value , and judge whether to receive the new solution according to the Metropolis criterion.
Step 6: If > , execute cooling operation as = 0 , turn to step 4. Otherwise, find the optimal solution in the new population. 
Case Validation
To verify the effectiveness of the algorithm, MATLAB 2014a was used for programming. In order to ensure the best overall performance, the random operation time of the disassembly line, load balancing index, demand index of parts and the minimization of invalid activity cost were taken into account comprehensively, and the final objective function was obtained after the normalization of the optimization objective in Section 2.3. 
In formula (21), 2 , 3 and 4 respectively represent the value of the objective function corresponding to the disassembly of the parts of the n-th disassembly task in the disassembly 
To verify the effectiveness of the algorithm, MATLAB 2014a was used for programming. In order to ensure the best overall performance, the random operation time of the disassembly line, load balancing index, demand index of parts and the minimization of invalid activity cost were taken into account comprehensively, and the final objective function was obtained after the normalization of the optimization objective in Section 2.3. [30] :
In formula (21), F 2n , F 3n and F 4n respectively represent the value of the objective function corresponding to the disassembly of the parts of the n-th disassembly task in the disassembly production line; F 2max , F 3max and F 4max are the maximum values of the target function; F 2min , F 3min and F 4min are the minimum values of the target function; η is the weight factor, η 1 + η 2 + η 3 = 1, η 1 , η 2 and η 3 may be measured by the load of the removal line, the market demand for this part, and the cost of invalid removal operation.
Taking three kinds of decommissioned engines A, B and C as research objects, the number of disassembly tasks (N = 57) was obtained by mixing them in a ratio of 1:2:1 and composite processing. is the weight factor, 1 + 2 + 3 = 1, 1 , 2 and 3 may be measured by the load of the removal line, the market demand for this part, and the cost of invalid removal operation.
Taking three kinds of decommissioned engines A, B and C as research objects, the number of disassembly tasks (N = 57) was obtained by mixing them in a ratio of 1:2:1 and composite processing. The explosion diagram and priority sequence of the mixed-model sequence are shown in Figure 5 and Figure 6 . The number in the upper left corner of the task number represents the disassembly time of the part. The average disassembly time obtained from the sample measurement by the stopwatch can be used to calculate the actual disassembly operation time according to formula (5). After field investigation, this paper takes 0.03 yuan as the comprehensive cost of disassembly operation per unit time (water, electricity, labor, site and equipment, etc.). In order to verify the effectiveness of the proposed algorithm and simulate the impact of random work environment on the disassembly operation, the computational results of three different α are compared when other parameters were controlled constantly as shown in Table 1 . is the weight factor, 1 + 2 + 3 = 1, 1 , 2 and 3 may be measured by the load of the removal line, the market demand for this part, and the cost of invalid removal operation.
Taking three kinds of decommissioned engines A, B and C as research objects, the number of disassembly tasks (N = 57) was obtained by mixing them in a ratio of 1:2:1 and composite processing. The explosion diagram and priority sequence of the mixed-model sequence are shown in Figure 5 and Figure 6 . The number in the upper left corner of the task number represents the disassembly time of the part. The average disassembly time obtained from the sample measurement by the stopwatch can be used to calculate the actual disassembly operation time according to formula (5). After field investigation, this paper takes 0.03 yuan as the comprehensive cost of disassembly operation per unit time (water, electricity, labor, site and equipment, etc.). In order to verify the effectiveness of the proposed algorithm and simulate the impact of random work environment on the disassembly operation, the computational results of three different α are compared when other parameters were controlled constantly as shown in Table 1 . The number in the upper left corner of the task number represents the disassembly time of the part. The average disassembly time obtained from the sample measurement by the stopwatch can be used to calculate the actual disassembly operation time according to formula (5) . After field investigation, this paper takes 0.03 yuan as the comprehensive cost of disassembly operation per unit time (water, electricity, labor, site and equipment, etc.). In order to verify the effectiveness of the proposed algorithm and simulate the impact of random work environment on the disassembly operation, the computational results of three different α are compared when other parameters were controlled constantly as shown in Table 1 . As shown in Table 1 , with different disassembly efficiency α, the optimization scheme proposed in this paper is superior to the other two algorithms. Further explanation is made with a value of α = 0.95, and the solution results are shown in Table 2 . First, the minimum quantity of opening stations obtained by the ASAGA algorithm is one less than the minimum station quantity obtained by SA and GA in Table 2 , which largely saves the disassembly operation cost. Second, the load balancing index and invalid activity cost of the disassembly line is used to measure whether the workstations selected in the disassembly line are running effectively and reasonably. According to the comparison results of the optimal disassembly scheme obtained by the three algorithms, the ASAGA algorithm has a good performance in terms of the load balancing index and invalid activity cost. From the perspective of preferential disassembly of parts with high demand and high residual value, the ASAGA algorithm does not seem to perform particularly well. The reason may be to make the load of the disassembly line more balanced and make the overall performance of the disassembly line more superior in the solving process of the algorithm, and the comparison of the comprehensive performance index (Fm) of the disassembly line in Table 2 proves this view. In conclusion, the ASAGA proposed in this paper is more advantageous than GA and SA, and the correctness of the model is verified simultaneously. The station load distributions of the optimal scheme obtained by each algorithm were shown in Figures 7-9 . of the load balancing index and invalid activity cost. From the perspective of preferential disassembly of parts with high demand and high residual value, the ASAGA algorithm does not seem to perform particularly well. The reason may be to make the load of the disassembly line more balanced and make the overall performance of the disassembly line more superior in the solving process of the algorithm, and the comparison of the comprehensive performance index (Fm) of the disassembly line in Table 2 proves this view. In conclusion, the ASAGA proposed in this paper is more advantageous than GA and SA, and the correctness of the model is verified simultaneously. The station load distributions of the optimal scheme obtained by each algorithm were shown in Figure 7 , 8 and 9. of the load balancing index and invalid activity cost. From the perspective of preferential disassembly of parts with high demand and high residual value, the ASAGA algorithm does not seem to perform particularly well. The reason may be to make the load of the disassembly line more balanced and make the overall performance of the disassembly line more superior in the solving process of the algorithm, and the comparison of the comprehensive performance index (Fm) of the disassembly line in Table 2 proves this view. In conclusion, the ASAGA proposed in this paper is more advantageous than GA and SA, and the correctness of the model is verified simultaneously. The station load distributions of the optimal scheme obtained by each algorithm were shown in Figure 7 , 8 and 9. 
Conclusions
Aiming at the deficiency of traditional research on the disassembly line balance, a mixed-model disassembly model with the minimum number of stations, load balancing index, priority disassembly of parts in demand and the minimization of invalid activity cost was established by introducing structural similarity coefficient and taking the randomness of actual disassembly operation environment into consideration. An adaptive simulated annealing genetic algorithm was adopted to solve the model and an actual case was used to verify the proposed model and algorithm. The conclusions are as follows:
(1) Considering the various types of products in the actual disassembly process and the uncertainty of disassembly operation time, the product similarity coefficient was used to measure the multiple products. The disassembly efficiency was taken as the disturbance variable and the product category Pm was introduced into the model to establish the mixed-model disassembly line balance model in a random operating environment.
(2) According to the characteristics of mixed-model disassembly and combining the advantages of GA and SA, an adaptive simulated annealing genetic algorithm was proposed. The adaptive operator improved the convergence speed of the algorithm, and it was not easy to destroy the optimal solution sequence in the later stage of the algorithm. The results obtained by genetic algorithm can be used as the initial solution of simulated annealing operation, so that the algorithm has both local and global search capabilities.
(3) In this paper, the mixed-model disassembly of engine products with 57 disassembly tasks was verified by simulating the random operating environment and setting different disassembly. The results indicated that the proposed algorithm used in the smallest number, load balance index, invalid operation costs and disassembly line overall performance was superior to contrast groups, and the correctness and validity of the model were verified.
Based on the actual disassembly operation, this paper provides a new solution to the disassembly line balance problem of the mixed-model in a random operation environment, which has an important guiding significance for energy saving and consumption reduction and an efficient operation of disassembly link in the reverse supply chain. However, the influence of the structure complexity of decommissioned products on the disassembly operation and the disassembly mode are not considered, and we will do further research in the future.
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(1) Considering the various types of products in the actual disassembly process and the uncertainty of disassembly operation time, the product similarity coefficient was used to measure the multiple products. The disassembly efficiency was taken as the disturbance variable and the product category P m was introduced into the model to establish the mixed-model disassembly line balance model in a random operating environment.
